M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT
Geo-social media as a proxy for hydrometeorological data for streamflow estimation and to improve flood monitoring to support decision making, such as satellites, radar systems, rainfall gauges 8 and hydrological networks (Horita et al., 2017) . However, in situations of crisis 9 management, the apparent overabundance of data is often accompanied by a 10 simultaneous "information dearth": a lack of information may arise because sen-11 sors are not available for certain regions or the number of available sensors is not 12 enough to cover the territory with a suitable resolution. In hydrology, this prob-
13
lem is attributed to the so-called "ungauged" or "poorly gauged" catchments 14 (Sivapalan et al., 2003) . In response, big data sources are emerging that provide 
19
Over the last few years, there has been a growing interest in using georef- formation (Goodchild, 2007) . Moreover, they have been increasingly recognised 24 and used as an important resource to support disaster management (Goodchild 25 and Glennon, 2010; Horita et al., 2015) . This spatial information is produced 
29
One of the advantages of using social media for monitoring flood events is challenges that have to be faced; these, include finding the best way to extract 35 relevant information from social media and the difficulty of integrating this infor-36 mation with data from other sources to achieve greater reliability. Furthermore,
37
an additional challenge is to ensure that these new information sources can be 38 used to assist the hydrological models to support decision-making with regard 39 to the early warning system (Mazzoleni et al., 2017; Horita et al., 2015) .
40
Most of the previous work in this area has concentrated on using social media 41 data either for flood mapping or exploring spatiotemporal patterns (Smith et now examines the frequency of rainfall-related messages to define a data series of in ungauged or poorly gauged catchments (Sivapalan et al., 2003) .
93
The use of geo-social media in disaster management has been explored in scientific work has focused on using social media data for two requirements -100 flood mapping and exploring spatiotemporal patterns.
101
Tweets have been quantitatively used in both forecasting and mapping. 
Case study and Data

133
This section describes the data that will be used, both authoritative and 134 social media data, and conducts an exploratory analysis of spatial data. 
158
Some examples for related tweets can be found in Table 1 . Figure 4 shows the 
Exploratory data analysis
191
An initial exploratory data analysis is displayed in Fig. 6 , which summa- 
254
The streamflow was calculated from both three rain gauges of the CE-
255
MADEN official network, and two other approximations: the maximum inter- used to model the streamflow in the same period of social media harvesting.
263
The simulated streamflow will be later compared with the one obtained from 
Parameter fitting for the transformation function
268
To create the transformation function, three properties from people's be-269 haviour in social media were assumed: proportionality, randomness and seman-270 tic singularity. First, it is supposed that people use more social media when 271 discussing a phenomenon of great significance. In this case, the number of 272 people talking about it will depend on how they were affected and thus, the 
285
We propose a linear regression model between the frequency of social media 286 data and the rainfall authoritative data for the signal conversion function to 287 predict a proxy variable of rainfall data, with the following functional structure:
where p social is the proxy of the precipitation variable resulting from the that strengthen or reduce the intensity of the rainfall respectively. An example 296 of a strong multiplicative effect is "heavy rain", whereas a weak multiplicative 297 effect might imply the word "rainbow".
298
The system collects social media data by means of an API to fitting the In transforming the social media data into a rainfall proxy, data were col-310 lected inside the catchment to obtain a rainfall proxy for this place. We collected 311 the same variables with the same temporal resolution examined in Section 4.2.
312
Once the tweets had been collected, the frequencies of the tweets were replaced values. This scenario is equivalent to the case of "poorly gauged" catchments,
337
where data from both sources is available but the authoritative data are inac-338 curate and/or imprecise. 
Results
340
We estimated several linear regression models that were robust to heteroscedas-341 ticity to create the transformation functions for each month (see Table 3 ). Fol- 
347
Based on these results, some simulations were carried out within the Aridan-348 cuva catchment using related tweets and authoritative rainfall data; these were 349 incorporated into the PDM rainfall-runoff model. Figure 8. February 7 th , the model that was based on social media reacted better.
374
In Fig. 8 .e, there are 5 peaks close to 100 m 3 /s for the period from Febru- 58.4% and 3.0% of the cases, respectively.
389
We also simulated a combined rainfall variable consisting of the social media 390 proxy variable and the rainfall gauge. In this case, the accuracy of the fore- 
Discussion
399
The results of this study support the use of social media information to Alvarez-Garreton, C., Ryu, D., Western, A., Crow, W., Robertson, D., 2014.
494
The impacts of assimilating satellite soil moisture into a rainfall-runoff model Boni, G., Ferraris, L., Pulvirenti, L., Squicciarino, G., Pierdicca, N., Can-502 dela, L., Pisani, A.R., Zoffoli, S., Onori, R., Proietti, C., Pagliara, P., Crooks, A., Croitoru, A., Stefanidis, A., Radzikowski, J., 2013. # earthquake:
521
Twitter as a distributed sensor system. Transactions in GIS 17, 124-147. • Authoritative and social media data are integrated for rainfall and flow estimation.
• New transformation function of social media posts into rainfall.
• Combined use of tweets and rainfall could be used in issuing early flood warnings.
